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Abstract: Land cover information plays an important role in mapping ecological and environmental
changes in Earth’s diverse landscapes for ecosystem monitoring. Remote sensing data have been widely
used for the study of land cover, enabling efficient mapping of changes of the Earth surface from Space.
Although the availability of high-resolution remote sensing imagery increases significantly every year,
traditional land cover analysis approaches based on pixel and object levels are not optimal. Recent
advancement in deep learning has achieved remarkable success on image recognition field and has
shown potential in high spatial resolution remote sensing applications, including classification and
object detection. In this paper, a comprehensive review on land cover classification and object detection
approaches using high resolution imagery is provided. Through two case studies, we demonstrated the
applications of the state-of-the-art deep learning models to high spatial resolution remote sensing data
for land cover classification and object detection and evaluated their performances against traditional
approaches. For a land cover classification task, the deep-learning-based methods provide an end-to-end
solution by using both spatial and spectral information. They have shown better performance than the
traditional pixel-based method, especially for the categories of different vegetation. For an objective
detection task, the deep-learning-based object detection method achieved more than 98% accuracy in a
large area; its high accuracy and efficiency could relieve the burden of the traditional, labour-intensive
method. However, considering the diversity of remote sensing data, more training datasets are required
in order to improve the generalisation and the robustness of deep learning-based models.
Keywords: remote sensing; land cover; deep learning; computer vision
1. Introduction
The term “land cover” refers to the man-made and natural characteristics of the Earth’s surface, such
as water, soil, natural vegetation, crops, and human infrastructure [1]. The land cover and its changes at
both regional and global levels can affect our health, environment, etc. Of those, some have been identified
as fundamental variables for describing and studying Earth’s ecosystems, such as food production,
land management and planning, disaster monitoring, climate change, and carbon circulation [2,3].
Remote sensing data from satellites, aircraft, or Unmanned aerial vehicles (UAVs) have been widely
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used for land cover to map and monitor the changes of the Earth’s diverse landscapes from Space.
A variety of land cover classification and objective detection methods on remote sensed data with high
spatial resolutions have been proposed. Broadly, they can be classified into two categories: pixel-based
and object-based approaches.
In the pixel-based approach, a pixel in remote sensing data is considered as an independent
unit and analysed by its spectral characteristics, geographical location, and time series changes.
Each pixel corresponds to a region designated by spatial coordinates, and the information at its
geographic coordinates—such as climate, the value time series changes, and even data from other
devices—can be used for increasing the discrimination of different categories to facilitate its classification.
The pixel-based method has long been the major approach for the classification of remote sensing
imagery [4]. Various pixel-based classification methods were proposed based on statistical distance
measures [5], including classification and regression tree (CART) [6–8], support vector machine
(SVM) [9–11], and random forest (RF) [12,13]. However, the pixel-based classification method has two
major limitations: the first one is the problem of mixed pixels in which the features from multiple classes are
presented in a single pixel [14]. It usually occurs in the classification of low and medium resolution images.
The mixed pixel problems can be solved through increasing spatial resolution. The second fundamental
limitation is that the spatial context from surrounding pixels is not used in classification. Especially when
dealing with a high resolution image, the differences in texture features within an object area can result in
the differences between pixels in that area, thereby reducing the accuracy of the pixel-based classification.
That is called the “salt and pepper” effect [15].
To address these issues, the object-based method was proposed for both high-resolution image
classification and object detection tasks using both spectral and spatial information. For a classification
task, conventionally, in the object-based methods, similar pixels are firstly aggregated into an object via
segmentation, thereby avoiding “salt and pepper effect” [16]. Then the segmented parts are assigned
certain categories by various classification methods. The researchers [4,17,18] compared the performances
of pixel-based and object-based classification methods on a 5 m resolution image. Their works showed
the object-based classification had good potential for extracting land cover information over spatially
heterogeneous areas and produced a visually appealing generalised appearance. Zhang et al. [19] mapped
Chinese land cover with the HJ satellite using an object-based approach and obtained an overall accuracy
of 86%. This method improved the classification accuracy significantly by employing spatial information.
In contrast to the pixel-based method, the traditional object-based approach uses both spectral and spatial
features by dividing a traditional classification process into two steps: segmentation and classification [20].
Image segmentation is the crucial step that directly determines the final results. It is a process that splits
an image into separate regions or objects depending on specified parameters [21]. A group of pixels with
similar spectral and spatial properties can be considered to be an object. The segmentation techniques
utilises spatial concepts that involve geometric features, spatial relations, and scale topology relations of
upscale and downscale inheritances [10,22]. The classical segmentation algorithms for remote sensing
image mainly include the recursive hierarchical segmentation (RHSeg) segmentation algorithm [23,24],
multi-resolution segmentation [25], and watershed segmentation [26].
The traditional object-based analysis methods can effectively improve the accuracy of land cover
detection when dealing with high to very high-resolution imagery (spatial resolution higher than 5 m).
This method is also widely used in object detection by assigning a specific category to a segmented object
to localise one or more specific ground objects, such as buildings, vehicles or, wild animals within a
satellite image, and predict their corresponding types [27]. Contreras et al. [28] used an object-based
method to detect the recovery after an earthquake in Italy by using QuickBird high-resolution imagery.
Nebiker et al. [29] also used this method to detect building changes by using aerial photographs at very
high spatial resolutions. Li et al. [30] used high-resolution aerial imagery at a 1 m resolution to detect
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the complex cityscapes/landscapes in metropolitan Phoenix, Arizona. However, with the increase of
spatial resolution of imagery, the data size increases significantly; image segmentation consumes a lot of
computing resources and time, making it impossible for scientists to handle large-scale data. On the other
hand, most object-based methods mainly rely on expensive commercial software solutions; that hinders
the popularity and development of this method. Moreover, the traditional object-based analysis is not an
end-to-end method, and has two steps—segmentation and classification. The result depends heavily on
the choice of parameters in each step, and most parameters cannot be selected automatically. It is difficult
to evaluate their performances against other end-to-end methods [4].
In recent years, deep convolutional neural networks (DCNN) have achieved breakthroughs in a variety
of computer vision tasks, including image classification [31,32], object detection [33,34], and semantic
segmentation [35,36]. Meanwhile, this technology has quickly been adopted for remote sensing image
applications [37]. For instance, the semantic segmentation classification at a pixel level has been proven to
have great potential in land cover classification [38–41]. The current state-of-the-art algorithms at an object
level such as YOLO and Faster-RCNN were also used for land cover object detection [42,43]. However,
the existing deep learning-based approach on remote high-resolution sensing data is still in its infancy,
and there is a lack of a holistic approach. The aim of this paper is, therefore, to systematically examine how
well the deep learning-based approaches perform on high spatial resolution remotely sensed data, in terms
of land cover classification and object detection, compared to traditional approaches. The contributions of
this paper include:
1. Providing a comprehensive overview on classification and object detection approaches of land cover
using high resolution remote sensing imagery;
2. Through two real application case studies, evaluating the performances of existing
deep-learning-based approaches on high resolution images for land cover classification and
object detection;
3. Discussing the limitations of existing deep learning methods using high resolution remote sensing
imagery and providing insights on the future trends of classification and object detection methods of
land cover.
2. Overview of Land Cover Classification and Object Detection on High Resolution Remote
Sensing Imagery
This section will provide an overview on the progress of the availability of remote sensing data and
the land cover classification and detection based on both traditional and deep learning methods.
2.1. Recent Progresses in the Availability of High-Resolution Remote Sensing Imagery for Land Cover
The term “remote sensing” generally refers to the use of satellite or aircraft-based sensor technology
to monitor, detect, and classify objects on Earth. The spatial, temporary, and spectral resolutions are
three most important attributes of remote sensing data [44]. Such data have shown that finer in spatial
resolution and more temporally frequent data can significantly improve classification and recognition
accuracy [45]. However, the cost of acquiring finer spatial and temporal resolution data is higher. Early land
cover/use products mostly have been developed at coarse spatial resolutions ranging from 100 m to
1 km [46–50]. These products did not provide enough thematic details and accuracy for the global
change and resource management studies [51–53]. With the advancement of sensors and rocket launching
technologies, the availability of remote sensing data and their spatial resolutions have been greatly
improved. Since December 2008, the United States Geological Survey (USGS) has provided global coverage
Landsat imagery at a 30 m spatial resolution for free, which makes global land cover mapping at medium
resolution possible [54]. Since 2014, the European Space Agency (ESA) launched Sentinel-1/2 satellites.
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They provided 10 m spatial resolution imagery with a free global coverage, which led to the increase of
global land use/cover products with higher resolution [55]. In addition, commercial satellites can usually
provide data with much higher spatial resolution. For instance, the IKONOS, the first high-resolution
commercial imaging satellite, has provided optical imagery with 0.8m to 2.5 m spatial resolutions since
1999 [56]. Its owner, Digital Global company, also owns QuickBird and WorldView satellites. Currently,
most digital map services came from this commercial satellite company. Spot Image includes seven SPOT
satellites which have provided datasets with 2–5 m spatial resolutions from 2012 [57]. Planet Labs, using
BlackBridge (owner of RapidEye satellite series) in July 2015, provided a complete image of Earth once per
day at 3–5 m resolution.
However, the cost also increases with the increase of spatial resolution on commercial datasets. Except
small, free public datasets, most researchers have difficulty in accessing high-resolution commercial data,
thereby being limited in their development of land cover mapping at high resolution. In recent years,
unmanned aerial vehicles (UAVs), including fixed wing and multi-rotor, have become a new source of
remote sensing data for research [58]; they can acquire images with high to very high resolutions easily
and at a low cost. The UAV can be used in any time without cloud impact (from lower altitudes), and the
spatial and temporal resolutions can be controlled. It is gradually becoming an alternative data source
to traditional satellite images [59]. The use of UAVs is increasing rapidly around the world, and it is
expected to explode in the upcoming years. However, one of the significant features of remote sensing
data is its large coverage. UAVs, especially the mini and micro UAVs, obviously cannot monitor a large
area. The summary of pros and cons for each platform are shown in Figure 1. In practice, it is necessary to
select a suitable platform based on research needs.
Figure 1. Pros and cons of the existing remote-sensing technologies.
2.2. Traditional Approaches for Land Cover Classification at Pixel Level
Pixel-based classification is performed with pixels as input; it has been widely used in land cover
classification. Broadly, it can be divided into two categories: unsupervised and supervised. Unsupervised
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classification is designed to classify imagery without defining truth data for training and is often called as
clustering, while supervised classification is designed to classify pixels in which users define the number
of categories and the location for each category.
2.2.1. Unsupervised Classification
Unsupervised classification is the most basic technique to cluster pixels in a dataset based on statistics
only, without any user-defined training classes [60,61]. The limitation of unsupervised classification is that
the output consists of unclassified clusters. After clustering, each cluster is manually assigned with a class
label. It was always used for simple classification tasks, such as classifying vegetation and non-vegetation
or water and land. In this paper, in order to ensure the integrity of the review, the unsupervised methods
were only reviewed and not used in the case study. Two most frequently used unsupervised classification
algorithms are ISODATA [62] and k-means [63].
ISODATA
The ISODATA unsupervised classification algorithm is an iterative method that uses minimum
distance as a similarity measure to cluster data elements into different classes. In each iteration,
it recalculates the mean value and reclassifies all pixels till all the pixels can be classified into the input
thresholds. It has been integrated in the famous remote sensing data processing software, ENVI [64],
and was often used for data analysis at early stages. In [65], they used ISODATA as a fast method to identify
cloud and shadow in large areas. In [66], they used ISODATA to classify crops on daily time-serious
remote sensing data.
K-Means
The k-means unsupervised classification algorithm is another commonly used method which has
also been integrated in ENVI software. It is an iterative method that uses minimum distance to cluster
pixels into different categories. The difference from ISODATA is that the k-means method has to define the
number of classes before calculation. It can be used to separate obvious categories, such as water, clouds,
and snow, and detect the change between two images captured at different times [67].
2.2.2. Supervised Classification
Supervised classification is frequently used in pixel-based classification methods [68]. In the
early years, some simple classifiers were integrated into remote sensing data processing software and
have been widely used, such as maximum likelihood, Mahalanobis distance and spectral information
divergence [69–71]. More recently, machine learning-based classifiers have been proven to perform better
and were soon widely used in land cover classification. They include the classification and regression tree
(CART) [72], support vector machine (SVM) [73], and random forest (RF) [74]. In this section, we provide
the descriptions for each of the classifiers. We mainly overview how these methods have been used for
land cover classification.
CART
The CART classifier is one of the most intuitive and simple machine leaning classifiers that can be
seen as a recursive split of the input dataset. The goal of CART is to create a model that can predict the
value of a target variable by learning simple decision rules inferred from data features. Classically, CART
is referred to as “decision trees” and has several advantages for land cover applications. One of them
is its simple, explicit, and intuitive classification structure that can be visualised as a set of “if and then”
rules. Meanwhile, the CART algorithm is strictly a non parametric model that can be trained on any input
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without parameter adjustment, and the prediction is extremely rapid without any complex mathematics.
CART was the first machine learning classifier used for land cover classification [7,72].
Random Forest (RF)
The RF classifier is an ensemble classifier that uses a set of CARTs. As described from its name, two
random selections (feature and sample) are used in the construction of trees. In the random selection of
features, out-of-Bag (OOB) data and permutation tests can determine the importance of each feature.
Approximately one-third of a sample is not used in the random selection of the sample to train a
model; hence, the OOB data can be used to validate the model, which is different from other classifiers’
approaches. Due to this outstanding characteristic, the RF is computationally efficient, and deals better
with high-dimensional data without over-fitting. The RF classifier has been successfully used in land
cover mapping by using high resolution imagery. Adelabu et al. [75] used a RF classifier to classify
insect defoliation with 5 m resolution imagery; Beijma et al. [12] tried to classify forest habitat using a
2 m resolution imagery; and Belgiu et al. [76] summarised the application of RF in remote sensing and
evaluated the impact of two importance parameters in the RF model on classification accuracy.
Support Vector Machine (SVM)
The support vector machine (SVM), first introduced by Cortes in 1995, is a classification algorithm
designed to define hyperplanes to maximise the margin which is the distance between the separating
hyperplane and closest sample (support vector). One of SVM’s features is its insensitivity to the amount
of training data, which makes it particularly suitable for use with limited training samples [77,78].
Reference [79] applied the SVM to classify forest disease based on 1 m resolution airborne images.
Van der Linden et al. [80] used the SVM to map land cover in urban areas based on 4 m resolution
airborne imagery. Mountrakis et al. [81] discussed the important contributions of an SVM classifier with
remote sensing data and summarised the selection approaches of parameters in the SVM training.
2.3. Deep Learning-Based Semantic Segmentation Classification of Land Cover at the Pixel Level
Image semantic segmentation aims to classify each pixel of an image into a category. Over the
past few years, the deep-learning-based semantic segmentation classification, as a pixel-based classifier,
has achieved remarkable success in image classification. It also has been used on land cover mapping
with remote sensing imagery. J. Long et al. [82] were the first to develop a fully convolutional
network (FCN) (containing only convolutional layers) trained end-to-end for image segmentation.
Within the state-of-the-art systems, the semantic segmentation network can be divided into two categories:
encoder-decoder and spatial pyramid pooling with multi-scale context design [83]. SegNet, U-Net,
and PSPNet [35,36,84] were three most commonly used and comparable architectures in those two
categories. In this section, we provided comprehensive descriptions to these three semantic segmentation
architectures. Figure 2 illustrates their architectures. A 2D convolutional (Conv2D) layer, followed
by a batch normalisation layer and an activation layer (rectified linear unit (ReLU) in this work) is
the basic convolutional structure in a DCNN model to extract feature from input. Using multiple
convolutional layers has been proven quite successful in improving the performance of the classification
model [37]. The pooling layer was used to reduce the spatial dimensions and parameters, and to avoid
over fitting. The UpSampling2D was used to recover the deep feature to the original size of input after
pooling operations. There are a few different approaches that we can use to upsample the resolution of
a feature map, including nearest neighbour unpooling, maximum unpooling, ConvTranspose2d [85],
and PixelShuffle unpooling [86]. The PixelShuffle unpooling has a high performance on image
super-resolution [87]. The Softmax layer is a function that normalises input into probability distributions
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of all categories and is always the last layer in a multi-class classification models. The concatenate layer is
used to connect the encoder and decoder; more detailed descriptions are provided in the following section.
Figure 2. Architectures of three semantic segmentation classification models: (a) SegNet, (b) U-Net,
(c) PSPNet.
2.3.1. SegNet
SegNet, as shown in Figure 2a, is a combination of a fully convolutional network and an
encoder-decoder architecture. In the encoding stage, the input is passed through a sequence of
convolutions, ReLUs, and max-pooling layers. The output is a representation with a reduced spatial
resolution. The decoding stage has the same layers as the encoder but in a reverse order. Max-pooling
layers are replaced by un-pooling layers, where the values are restored to their original locations, and the
convolution layers are then used to interpolate a higher-resolution image. Because the network does
not have any fully connected layers (which consume >90% of parameters in a typical image-processing
CNN), SegNet is highly memory efficient and comparatively easy to be trained. The SegNet architecture
was originally designed for RGB-like image segmentation, such as classifying road scenes. Its input can
have multi-channels and it is particularly suitable for unbalanced labels [84]. Therefore, the model is
particularly suitable for remote sensing image classification; it has been applied to the classification
of high-resolution remote sensing images [84,88]. As an optimised encoder-decoder pixeled based
classification method, SegNet borrowed the concept of ResNet [89] in order to avoid the problem of
vanishing/exploding gradients when the net became deeper, the features in the encoder stage were
concatenated into the decoder stage. One study [38] used the SegNet architecture with a fusion table
to classify Earth observation data (ISPRS 2D Semantic Labeling Challenge Dataset at 0.125 m resolution
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(Data available at: http://www2.isprs.org/commissions/comm3/wg4/semantic-labeling.html)) into five
types, achieving an accuracy of 89.8%.
2.3.2. U-Net
U-Net, as shown in Figure 2b, was initially published for biomedical image segmentation. U-Net has
a similar structure to SegNet; it simply concatenates the encoder feature maps to upsampled feature maps
from the decoder at every stages to form a ladder-like structure. Meanwhile, the architecture with skip
concatenation connections allows the decoder at each stage to learn back relevant features that are lost
after pooling operations in the encoder. The architecture is simple and efficient: it consists of a contracting
path to capture context and a symmetric expanding path, enabling precise localisation. It has been widely
applied in Kaggle competition for building and road classification on high resolution remote sensing
imagery with better accuracy [90]. One team [91] adopted the U-Net approach as their winning solution for
the Spacenet Challenge and Defence Science and Technology Laboratory (Dstl) Satellite Imagery Feature
Detection (Kaggle).
2.3.3. PSPNet
PSPNet, as shown in Figure 2c, using pyramid pooling modules, is one of the most advanced semantic
segmentation architectures at present; it achieved first at the ImageNet Scene Parsing Challenge 2016,
and 1st place on PASCAL VOC 2012 and Cityscapes datasets [92–94]. The PSPNet starts with a modified
ResNet architecture to extract the feature information. Then, to get the multi-scale information from
features maps, the spatial pyramid pooling module is introduced by applying four different maximum
pooling operations with four different window sizes and strides. This effectively captures different
scale feature information without heavy individual processing. Then, the deep feature information with
different scales is combined and fed into the decoder. By using the spatial pyramid pooling, the features at
different scales are used for classification to help improve the performance on small targets [95]. Since its
launch, PSPNet has been widely used in land cover classification on medium to high remote sensing
imagery [96,97].
2.4. Deep Learning-Based Object Detection for Land Cover at an Object Level
One of the most important image recognition tasks with deep learning-based methods is object
detection. By detecting bounding boxes around objects and then classifying them, the object detection
method at an object-level, can be used to detect and identify special objects on Earth in a large area with
remote sensing imagery, especially at high to very high resolutions. The two well-known commercial
remote sensing data companies, Airbus and Digital Global, have launched the object detection challenges
with high resolution remote sensing imagery, encouraging users to detect and identify buildings, roads,
and ships as quickly as possible by using deep learning-based methods [43,98]. Currently, the research on
deep learning-based object detection can be broadly divided into two directions: multi-stage detection and
single stage detection. The first one is based on the region proposal network (RPN) which usually has
two stages that begin with the region search and then perform the corresponding classification. The two
best performing and known models are the faster region-based convolutional network (Faster R-CNN)
from Facebook [33] and Cascade R-CNN from Multimedia Laboratory, CUHK [99]. The second one
is based on one-time prediction which directly predicts bounding boxes and class probabilities with a
single network in a single evaluation. This allows real-time predictions. The first typical model based
on one-time prediction is the you only look once (YOLO) series [100–102]. YOLO was designed for a
fast prediction. In order to improve its accuracy, two state-of-the-art architectures were introduced by
optimising the YOLO architecture: single-shot detector (SSD) [103] and RetinaNet [104]. In the past two
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years, these methods have been used by competition players and researchers for land cover classification.
The architectures of four object detection models are shown in Figure 3. The feature map is the deep
feature extracted from input by a DCNN structure. In this work, the classic Resnet50 structure was used
to extract feature maps [31].The region proposal network (RPN) was the key component in the detection
model which generated the proposals for the objects in feature maps [33]. The classification and Bbox
regression are the last two layers on all detection models that get the boundary and the category of the
object by regression. More detailed descriptions are provided in the following section.
Figure 3. The architectures of four deep-learning-based object detection models: (a) Faster R-CNN and
(b) cascade R-CNN are multi-stage detection models with two or more RPN modules; (c) SSD and
(d) RetinaNet are single-stage detection models.
2.4.1. Faster R-CNN/Cascade R-CNN
Faster R-CNN is now a canonical model for deep learning-based object detection. Faster R-CNN
divides the framework of detection into two stages (see Figure 3a). In the first stage, called the region
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proposal network (RPN), the input is processed to extract feature maps by a CNN. Then, the feature
maps are used to predict bounding box proposals. In the second stage, these proposals are used to crop
features from the feature maps, which are subsequently fed to the fast R-CNN for classification and
B-box regression. Through comprehensive evaluations [105,106] concluded that the faster R-CNN was an
efficient and robust method for object detection with high resolution remote sensing imagery, especially
for small object detection. This method has also been used for the detection of large objects, such as cars,
aircraft, airports, and ships [107–110].
In this two-stage object detection model, Intersection over Union (IoU) threshold is required to define
positives and negatives for each region proposal in the first stage. The model trained with a low IoU
produces noisy detection and a high IoU results in lossy detection. Cascade R-CNN [99] introduced a
multi-stage concept by increasing IoU thresholds for each stage (see Figure 3b). It surpassed all object
detectors on the challenging COCO dataset [111]. The cascade R-CNN classifier has been tested on
multi-source remote sensing data, including optical, hyperspectral, and light detection and ranging
(LiDAR) data, and has achieved much better classification performance than other methods [112,113]. It
also has been used for aircraft and vehicle detection across large areas in high resolution imagery [114,115].
2.4.2. SSD/RetinaNet
The SSD model is designed for object detection in real-time. It is a single-stage detection model derived
from the YOLO model. It has no delegated RPN and predicts the boundary boxes and the classes directly
from feature maps in one single pass. To improve the accuracy, the feature maps from convolutional layers
at different positions of the network are used to predict the bounding boxes (see Figure 3c). They are
processed with a small 3 × 3 convolutional filter to produce a set of bounding boxes similar to the anchor
boxes of the Fast R-CNN. Due to the high efficiency of single stage detector, SSD has been used to detect
targets in large areas. Researchers [116–118] compared the performances of single stage detection method
(SSD) and multi-stage detection (including faster-RCNN) regarding detecting ships, airports, and aircraft
using high remote sensing imagery. The SSD achieved a significant better result in prediction speed with a
similar accuracy to faster R-CNN. The SSD makes its detections from multiple feature maps. However,
only the features extracted from upper layers are used for detection; the features from the bottom layers
in high resolution are not used for detection due to a lack of semantic values. Therefore, it was reported
that the SSD performed worse for small objects detection on high resolution imagery [119]. RetinaNet
was introduced by adding a Feature Pyramid Network (FPN) construct [104] (see Figure 3d). The FPN
was designed to use feature maps from both bottom and upper layers for detection, which provides a
top-down pathway to construct higher resolution layers. Meanwhile, it also proposed a focal loss function
trying to resolve the class imbalance effect by reducing the loss for well-trained classes. The RetinaNet
showed the best performance as a single-stage detection model on COCO datasets [111]. This method
was quickly used in remote sensing classification applications [120] and achieved top three in ESRI Data
Science Challenge 2019 for object detection with high resolution aerial imagery [121].
3. Two Case Studies Using Deep Learning-Based Approaches
To examine the performance of deep learning-based approaches on land cover classification and
objection detection, we chose the state-of-the-art deep-learning-based approaches, including semantic
segmentation and object detection, and conducted experimental evaluations through two case studies,
as follows:
1. Land cover classification on 5 m high resolution imagery at a pixel level. The high-quality land
cover products in high spatial resolution can provide very detailed information which can be used in
almost all studies on Earth’s ecosystems.
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2. Wind turbine quantity and location detection on Google Earth’s imagery at an object level.
The accurate location information in large areas can help researchers evaluate the impact of the
rapidly growing use of wind turbines on wildlife and climate changes.
3.1. Land Cover Classification Using Deep Learning Approaches at the Pixel Level
Land cover classification is one of the most important tasks remote sensing data can be used
for. As mentioned before, the increase of spatial resolution may increase the inter-class variation and
decrease the inter-class variation, leading to great difficulty in using traditional classification methods for
accurate classification [122]. In this section, we evaluate the performance of three state-of-the-art semantic
segmentation classifiers on a real land cover task. The pixel-based traditional machine learning classifiers
were also implemented for comparison.
3.1.1. Study Area
In this study, we have used a real dataset from RapidEye imagery at a 5 m resolution; the aim was
to produce a land cover map with six categories, including tree cover, shrubland, grassland, cropland,
artificial surface, and water body. We chose Wushan county located in Chongqing municipality, China,
as the study area. The location is between E109◦33′ to E110◦11′ and N23◦28′ to N30◦45′. Wushan is a
farming-based county where most croplands are distributed around residential areas, which makes the
land cover classification challenging.
3.1.2. Data Descriptions
The RapidEye images at a 5 m resolution were used in this study. The RapidEye constellation was
launched into orbit on 29 August 2008. The five satellites designated herein as RE1, RE2, RE3, RE4, and RE5,
were phased in a sun-synchronous orbit plane with an inclination of 97.80◦. The RapidEye constellation
sensors provide 5 meter resolution imagery in five-bands: blue (440–510 nm), green (520–590 nm),
red (630–685 nm), red edge (690–730 nm), and near infrared (760–850 nm). These sensors provide
abundant spatial and spectral information, which has been widely used for agriculture, forestry,
environmental monitoring, and other applications. The series-unique red-edge band, which is sensitive to
change in chlorophyll content, can assist in monitoring vegetation health, improving species separation,
and measuring protein and nitrogen contents in biomass [123]. In this study, 13 tiles, in 2012, with the
minimum cloud cover in summer and autumn, were collected (see Figure 4; data available at: https:
//www.planet.com/products/).
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Figure 4. The study area, Wushan county; the right figure shows the five data bands from visible (RGB) to
near infrared (Nir) and the land cover labels used for model training.
3.1.3. Performance Evaluation Metric
To evaluate the land cover classification performance, two commonly used metrics, F1-score and
the confusion matrix, were selected for the accuracy assessment. Usually, neither precision nor recall
can comprehensively evaluate the performance of classification. Precision measures the fraction of the
identified positives that are actually positive, while Recall measures the fraction of the positives that are
correctly identified. The F1-score considers both the producer’s accuracy (PA) and the user’s accuracy
(UA, also called the precision and the recall) to compute the score. The study used error matrices which













where Xij represents the observation in row i, column j of confusion matrix; Xi is the marginal total of row
i and Xj is the marginal total of column j of confusion matrix.
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3.1.4. Experimental Evaluation
Data Preprocessing
Remote sensing images are usually too large to pass through a DCNN (deep convolutional neural
network) under current GPU memory limitations. Most DCNNs are tailored for a resolution of 256× 256
or 512× 512 pixels. In this work, we split our training data into smaller patches using a simple sliding
window (Figure 5). The original imagery was divided into 512× 512 patches. Adjusting the overlap rate
could increase the number of samples; hence, reducing the over-fitting. Therefore, the overlap rate was set
to half of the patch size, which led to an increase of 0.5 times the samples.
Figure 5. Sliding window method used for data preprocessing: 512× 512 pixel moving window slides
through the image with a setting distance (half of the sample size) each time to get a sample.
Data Augmentation
The easiest and most common method to reduce over-fitting in deep learning models is to artificially
enlarge the dataset using label-preserving transformations [37] i.e., data augmentation. In this study,
four types of data augmentation were used for each sample, rotate−90◦ and 90◦, flip, and mirror (Figure 6).
Figure 6. Training images’ augmentation result after rotating, flipping, and mirroring.
Model Training
We randomly selected 80% of samples for training and used the remaining portion for validation.
The Adam (a method for stochastic optimisation) with a batch size of eight samples was used for
optimisation in the model. We initially set a base learning rate of 1 × 10−3.
The base learning rate was finally decreased to 1 × 10−6 following the increased iterations. A hybrid
Dice and Focal loss was used in all semantic segmentation networks [124]. The Dice loss can be helpful
since it boosts the prediction of correct masks, but it might lead to unstable training [125]. The focal
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loss [104] was proposed for solving the imbalance on the traditional cross entropy (CE) loss. The loss
function in this work was defined as:
Loss = Focal Loss + (− log (Dice Loss)) (4)
Focal Loss (pt) = − (1 − pt)γ log (pt) (5)
Dice Loss =
2× TP
2× TP + FP + FN . (6)
Here we use a − log (Dice Loss) term in which the log operation boosts the loss for the cases when
dice loss is close to zero; i.e., objects are not detected correctly. The − log (pt) is the cross entropy (CE) loss
widely used for binary classification where the p is the probability of each class. The term (1 − pt) in
focal loss is the modulating factor added for addressing the data imbalance problem, in which γ is the
focusing parameter that can be set in the range of 0–5. In this study the value of γ was set to 2, to put
more focus on hardly misclassified classes. The TP, FP, and FN are true positives, false positives, and false
negatives (FN), respectively. SegNet, U-Net, and PSPNet were implemented based on the pytorch 0.41 and
executed on a PC with an Intel (R) Xeon (R) CPU E5-2650, NVIDIA TITAN X (Pascal) and 64GB memory.
3.1.5. Experimental Results
Three semantic segmentation deep learning methods, including SegNet, U-Net, PSPNet, and three
pixel-based traditional machine learning methods, were evaluated. The F1 score for each method across
categories is shown in Figure 7. For traditional machine learning methods, the RF has the best performance
for all categories. In most instances, the results based on deep learning methods are better than those based
on traditional machine learning methods. In this work, the F1 score values based on SegNet and U-Net
are higher than those based on pixel-based traditional methods, especially when detecting shrubland,
grassland, cropland, and artificial surface. For most categories, the two methods have similar performances
in terms of F score, although U-Net performs slightly better than SegNet. The F1 score measure shows
the superiority of this model. PSPNet performs significantly better than other models, especially on
detecting shrubland and grassland in terms of F-score. Ensemble learning, a common trick in machine
and deep learning, is the process of creating multiple models and combining them through averaging the
results of all the models, in order to achieve better performance than each individual model [126]. In this
work, we made an ensemble of SegNet, U-Net, and PSPNet; the ensemble results were the best for most
categories except grassland, as shown in Figure 7. Figure 8 shows the classification confusion matrices for
SegNet, U-Net, PSPNet and the ensemble models. The water body is the most easily identifiable category
due to its spectral properties. The tree cover, shrubland, grassland, cropland, and artificial surface have
similar spectral properties, which make it difficult to separate them from each other. The detection results
on the grassland are the poorest, and the vast majority of pixels in the region of grassland are assigned to
shrubland and cropland. Meanwhile, many pixels belonging to artificial surface are assigned to croplands.
The reason behind is that Wushan is a farming-based county where most croplands are distributed around
residential areas which are hard to be identified. Another reason is that most images were acquired in
summer and autumn when most croplands were near harvest or after harvest. Some bare croplands after
harvest are assigned as artificial surface.
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Figure 7. F1 score for each method across categories.
Figure 8. Confusion matrices of the classification results achieved by the Segnet, U-net,PspNet, and merged
methods based on the validation dataset.
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3.2. Land Cover Object Detection Using Deep Learning Approaches at an Object Level
The second case study aimed to identify wind turbine location and quantity automatically.
The previous studies [127–129] have shown that the wind turbine influenced the local climate.
Wind turbines can modify the surface fluxes of momentum, sensible heat, water vapor, and carbon dioxide
by enhancing turbulence, increasing surface roughness, and changing the stability of the atmospheric
boundary layer. Meanwhile, there was evidence that the turbine locations could affect the living habits
of wildlife [130,131]. We applied the widely used single-stage and multi-stage object detection models to
wind turbine detection and evaluated their performance.
3.2.1. Study Area
Due to the rapid expansion of demand for energy and the rapid development of wind power facility
in recent years, a great number of wind turbines have been built in China [132]. According to statistical
results of the wind energy resource survey, China’s onshore wind power energy reserve from 10 m in
height is about 4.35 billion kilowatts, ranked first in the world [133]. Inner Mongolia is located in the north
of the country. It occupies approximately 1,183,000 km2, which is the third largest Chinese subdivision in
China. Inner Mongolia’s exploitable wind resources account for about half of the country’s total amount,
and its wind energy utilisation area accounts for 80% of the total area. In this paper, Inner Mongolia was
selected as the study area.
3.2.2. Data Description
The size of the wind turbine determines that only high-resolution remote sensing data can be used for
identification. The WorldView image with the spatial resolutions ranging from 0.5m to 2 m in whole Inner
Mongolia were captured from Google Earth images. Due to technical limitations, only visible RGB bands
were acquired for this work. We labelled the locations of a total of 13,391 wind turbines in the Ulanqab city
through the Google Earth pro [134]. The bound box of each wind turbine was annotated by LabelMe [135].
Some examples of labelled images are shown in Figure 9.
Figure 9. Wind turbine distribution in Inner Mongolia. The red box is the labelled bounding box for wind
turbines, and the green points present the wind turbines’ locations on the map.
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3.2.3. Performance Evaluation Metric
The commonly used metric for object detection challenges is the mean average precision (mAP). It is
the mean of the average precisions (APs) for all classes. The AP is computed as the average of maximum




× (APr (0) + APr (0.1) + APr (0.2) + . . . + APr (1)) , (7)
where APr (0) means the maximum precision at the recall level of 0. Only one class (wind turbine) was
required for identification, and AP was selected for evaluating the wind turbine performance. If the AP
matched the ground truth, and intersection over union (IOU) was above 0.5, then the object detection
detection was considered successful. Meanwhile, when detecting the object went across the whole study
area with high resolution images, more than 1,300,000 images with 512× 512 resolution need to be inferred.
Therefore, the inference time (fps) indicating how many images can be inferred per second was also
selected as a metric for performance evaluation.
3.2.4. Experimental Evaluation
The same data preprocessing as used in Section 3.1 was performed, including sliding window and
data augmentation. The high-resolution images from Google Earth were cut into 512 × 512 as the model
input. All the models were trained and validated on a dataset of 8738 images, with 13,391 wind turbines.
We randomly selected 80% of samples for training and used the rest to evaluate the performance of the
deep learning-based object detection network.
Model Training
All the object detection models, including two multi-stage detection models (faster and cascade
R-CNN) and two single stage detection models (SSD and RetinaNet) were implemented and trained
with mmdetection , an open source object detection toolbox based on PyTorch [137]. The Resnet50 with
pretrained weights from ImageNet was set as the backbone in detection models. The stochastic gradient
descent (SGD) with a batch size of eight was used for optimisation. We initially set a base learning rate of 1
× 10−3. The base learning rate was finally decreased to 1 × 10−6 following the iterations, and each model
was trained for 24 epochs.
Post Processing
An aggregated polygon method was used after the prediction. As shown in Figure 10, multiple
overlapping detected bounding boxes appear on images for one object after sliding window operations.
On one hand, we used the slide window method with an overlap rate of 0.5 in the prediction stage to
make each wind turbine appear on the input images completely; hence, one wind turbine appearing on
multiple images could be identified multiple times. On the other hand, the model might also identify parts
of a wind turbine as an object. An aggregated algorithm was used to merge the overlapping and closed
detected bounding boxes.
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Figure 10. Aggregated polygons on the initial result. The overlapping and closed objects were merged.
Experimental Results
Table 1 lists a performance comparison of different methods. In terms of detection accuracy measured
by the AP value, the four models are close; all have a value of above 0.90. The model based on Cascade
R-CNN has the highest AP value before and after polygon aggregation. After aggregating the closed and
overlapping detected bounding boxes, the AP values from all models are increased significantly. For the
cascade-R-CNN, the AP value reaches to 0.988. In terms of inference speed measured by impressive frame
per second (FPS) and inference time, the single-stage detectors, SSD and RetinaNet, perform better than the
two multi-stage detectors, faster R-CNN and cascade R-CNN. The SSD based model can infer 29.5 images
per second and is 0.5 times faster than the cascade R-CNN based model, even if their AP performance
values are close.
Table 1. A comparison of average precision (AP) and inference speed of four different models. The bold
numbers denote the optimal values in each column.




Cascade R-CNN 0.903549 0.988307 20.7
Single-stage SSD 0.903471 0.987459 29.5
RetinaNet 0.903442 0.985487 27.2
* AP after means the AP after polygon aggregation.
Figure 11 shows typical object detection results in different areas with the Cascade R-CNN approach.
A green colour box represents a correctly detected object and a red box represents a false detection. All the
object detection models in this work show a high AP accuracy, and almost all the wind turbine can be well
detected. However, the current trained models still falsely detect some objects with similar morphological
and texture features (such as light and crossroads) as wind turbines. Although we can increase the
detection precision of models by raising the detection threshold, it will cause some omissions. If the goal
of remote sensing object detection is to detect all targets, this strategy is not recommended.
At last, we tested the robustness of the model in a large area. We applied the detection model to the
seven largest power generation provinces in China, and compared the relationship between the wind
power generation and the number of wind turbines (Inner Mongolia, Hebei, Gansu, Shandong, Liaoning,
Heilongjiang, and Jilin). The data of wind power generation in 2018 were obtained from the National
Bureau of Statistics (data available at: http://www.gov.cn/xinwen/2019-01/29/content_5361945.htm).
The results are shown in Figure 12. There is a good correlation between the number of wind turbines and
the wind power generation; the R2 value reaches 0.92.
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Figure 11. Typical object detection results. Green box means the right detection results; otherwise, the red
box shows the wrong results.
Figure 12. The relationship between wind power generation in 2018 and the statistical number of wind
turbines detected in seven provinces in China.
4. Discussion
In previous sections, we evaluated the performance of existing deep-learning-based approaches
on high resolution images at both pixel and object levels using two case studies. Results showed that
deep-learning-based methods in our cases performed better than traditional algorithms. In this section,
we discuss the results and highlight the future trends.
4.1. Land Cover Classification
In traditional pixel-based classification methods, only spectral information of each pixel was used
in classification. The categories with similar spectral information were difficult to classify. However,
the convolution layer (see Figure 13) in all deep learning models can deal with joint spatial and spectral
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information with a convolution kernel. It has been proven to improve the accuracy of classification,
especially in hyperspectral image classification [138–140]. As shown in Figure 14, the vegetation categories,
including tree cover, grassland, and cropland, have similar/close spectral information. This can explain
why the accuracy of deep-learning-based methods is higher than traditional methods in our land cover
classification task.
Figure 13. The schematic diagram of the convolution and pooling layers.
Figure 14. The spectral information of all categories.
Previous studies [141] showed that the classification results might appear messy visually when a
pixel-based method was used for the land cover classification in medium to high resolutions. That was
also true in this study. Figure 15 shows a comparison of land cover classification results between the
random forest and the ensemble average of SegNet, U-Net, and PSPNet on the data at 5 m resolution.
The classification results of the random forest, a traditional pixel-based method, visually, do not look good,
and a severe “salt and pepper” effect appears. However, in deep learning-based classification methods,
the effect can be reduced through the convolution and pooling layers. The pooling is a down-sampling
process to extract the average or maximum value in an adjacent area [142] which can remove the anomalous
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pixels in a category. In this study, ensemble average results based on the three deep learning methods
visually look much smoother, and are much closer to reality.
Figure 15. A comparison of random forest and the ensemble average of SegNet, U-Net, and PSPNet on
land cover classification. The first column shows the RGB image, the second column shows the ground
truth label, the third column shows the classification results from random forest, and the fourth column
shows the classification results from the ensemble average of SegNet, U-Net, and PSPNet models.
Further, we compared the segmentation results of a traditional segmentation method with an
object-based approach and the deep learning-based method by making the ensemble of the SegNet,
U-Net, and PSPNet, as shown in Figure 16. The multi-resolution segmentation algorithm [20] is the
most widely used segmentation method dealing with high resolution remote sensing imagery and is
integrated in eCognition Land Cover Mapping Software. In this paper, the multi-resolution segmentation
algorithm was selected as a typical representative of traditional objective-based method. Considering
the size of the remote sensing images and limitations of computing power, the scale level could not be
too small to avoid producing too many objects; thus, a scale size of 30 for the 5 m resolution images was
used. Figure 16 illustrates typical segmentation results of the two methods. As shown in the second
column, the edge of each object segmented looks rough due to the scale effect of segmentation in the
multi-resolution segmentation algorithm. However, the segmentation results of the deep learning-based
method are smoother and more realistic from the visual aspect.
The semantic segmentation classification method showed good performance in our experiments
because it can ease the limitations of current pixel-based and object-based classification methods when
dealing with high-resolution images. Large-scale deep learning networks usually have over ten million
parameters to be learned; Table 2 lists the parameters of the three deep learning models used in this
study. Training a deep learning model with a small dataset often leads to over-fitting, decreasing the
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model’s generalisation ability. Although some works have chosen to use a shallow model to avoid
over-fitting, this kind of choice inevitably makes the model orient toward the training data [143,144].
The transfer learning technology and a finely-tuned model can be used to reduce this effect [145]. However,
the current transfer learning weights were mostly based on ImageNet, which was a regular electric-optical
photo dataset [37]. Remote sensing data is often captured with multi-spectral sensors, making these
weights meaningless. Although there are already some public high-resolution land cover productions for
training [146,147], these public datasets are far from enough, given the complexities of remote sensing
data, such as the various types of sensor, acquisition time, and spatial resolution.
Figure 16. Typical results of a traditional multi-resolution segmentation method and two
deep-learning-based semantic segmentation methods used in this study.
Table 2. The parameters of each semantic segmentation method learned in this work.
SegNet U-Net PSPNet
Input 512 × 512 × 7 512 × 512 × 7 512 × 512 × 7
Layer 94 103 293
Total params 29,461,736 34,615,752 51,818,112
Trainable params 29,445,848 34,601,736 51,759,872
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4.2. Land Cover Object Detection
In object detection tasks, this the limitation of ImageNet for transfer learning can be alleviated because
most of high-resolution images used in object detection work are in RGB bands. The transfer learning and
fine-tune methods can be used to accelerate model fitting. In this study on object detection, parameters
of Resnet50 pretrained on ImageNet were employed as initial parameters, and all the model converged
in 12 epochs. By using the state-of-the-art deep learning-based object detection architectures and a GIS
aggregate method, all the models achieved more than 98% accuracy. We predicted the numbers and the
locations of wind turbines in seven largest power generation provinces in China in less than two weeks,
including the time of removing misidentified data by visual interpretation, which was impossible with
traditional methods. Meanwhile, thanks to the SpaceNet competition [148] which provides a corpus of
labelled commercial satellite imagery in m-level solutions, the deep learning-based methods achieved
great success on the building detection. Microsoft also used a deep-learning-based method to generate
125,192,184 building footprints in all 50 US states [149]. These results have proven that deep learning
algorithms have great potential for object detection in remote sensing applications.
5. Conclusions
In this paper, we have reviewed the current, commonly used land cover mapping methods, including
land cover classification and object detection methods based on high resolution images. We have examined
the performance of existing state-of-the-art deep learning architectures on high resolution image for land
cover classification and object detection tasks against traditional methods through two application case
studies: land cover classification and wind turbine object detection. Based on the experimental evaluation,
we conclude:
• For land cover classification, the state of the art semantic segmentation deep-learning-based methods
at a pixel level performed better than the pixel-based classification methods using traditional machine
learning approaches through leveraging spatial information in convolution layer. Meanwhile, from the
visual aspect, the segmentation results based on the deep learning method produced a visually
appealing generalised appearance of land cover better than that from one of the most widely used
object-based segmentation methods.
• Considering the diversity of remote sensing data, most land cover studies on high-resolution imagery
have limited training data sets, which reduces the robustness of a deep learning-based model.
The deep learning-based model cannot completely replace the traditional pixel-based methods
in practice.
• A satisfying evaluation result was achieved for the current state-of-the-art deep learning-based
models for a real object detection task. The deep learning-based models could relieve the burden of
the traditional, labour-intensive objective detection task.
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